We present an approach for turn around behavior generation and execution for an unmanned ground vehicle (UGV) operating in a rugged terrain. The generated behavior allows the vehicle to rapidly execute N-point turn maneuver in a narrow space by exploiting the vehicle's dynamics as well as the properties of the terrain. The developed approach incorporates model-predictive planning and optimization into the behavior execution. It combines offline synthesis of an atomic maneuver model for a given vehicle and terrain model, fast online computation of motion goals determining the execution sequence of atomic maneuvers and their extent in the state space, and atomic maneuver selection and adaptation to the terrain shape. We have successfully evaluated the turn around behavior using an augmented reality setup by having the vehicle execute 5-point turn maneuver on an inclined platform.
Introduction
In order to operate on a rugged terrain, UGVs must have the capability to rapidly turn around. A terrain is considered rugged if it contains many features that are challenging for the vehicle to negotiate, such as steep slopes that may or may not be climbable based on the vehicle's approach velocity, varied ground material, and randomly distributed obstacles including ditches, rocks, and debris. The need to turn around arises because of limitations of perception accuracy and limited situational awareness. In many situations, executing turn around requires a large number of turning maneuvers in a tight space. The main challenge when planning complex maneuvers autonomously is in determining the effective coupling of velocity and steering angle profiles that allow the vehicle to reach its desired state safely and in the minimum time, given its dynamics and intricacies of the terrain (e.g., different inclination, bumpiness, friction, etc.).
Dynamically feasible trajectory planners for ground vehicles operating in a rough terrain have been previously studied in different contexts.
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Specifically, planning and control was developed for an Ackerman steered vehicle executing N-point turn maneuvers in an orchard environment. 4 In addition, receding horizon model-predictive control and trajectory planning techniques were recently combined to allow following intricate paths including turning maneuvers. 5 In our approach, in order to achieve high computational speed and motion precision, we automatically generate a set of atomic maneuvers of various complexity for different initial and final states of the vehicle on a rough terrain. We then use the generated maneuver profiles as seeds for fast online adaptation to a specific terrain shape. In addition, we develop a cost function policy model that biases the local search for the maneuver along the most promising direction towards the goal state. We evaluate the developed approach on a physical platform.
Approach
The overall approach is divided into three components: (1) offline atomic maneuver model synthesis, (2) online motion goal computation, and (3) online atomic maneuver selection, adaptation, and execution (see Fig. 1 for an overview of the entire approach). We use the genetic algorithm 6 (GA) for automated generation of a set of atomic maneuvers for different initial and final poses of the vehicle and terrain inclination using a high-fidelity physicsbased simulation (see Fig. 2(b) ). During the online maneuver planning and execution, appropriate motion goals are determined based on the terrain constraints and vehicle kinematics. The atomic maneuvers are used as reference maneuvers for adaptation to a specific terrain shape using on-board physics simulations. The adapted atomic maneuvers are then executed in a sequence by the vehicle to realize the entire N-point maneuver.
An atomic maneuver is represented as two B-splines that correspond to steering angle and velocity profiles (see Fig. 2(c) and (d) ). This allows the vehicle to synchronously control its steering angle φ and velocity v to be able to safely and efficiently reach a desired state
T from its current state x I , where x T and y T are the position coordinates, θ is the orientation, and v T is the velocity of the vehicle, while satisfying a set of dynamic constraints. During the maneuver synthesis and adaptation, we use the control points of both B-spline profiles and their execution time as the variables for optimization.
The profiles are synthesized over a five dimensional space of position and orientation differences x, y, θ between x I and x T , and terrain inclination angles α w.r.t x axis and β w.r.t. y axis. Using the atomic maneuvers, we constructed a complete atomic maneuver model represented as a look-up table. We validated the maneuver model by conducting sensitivity analysis at the boundaries of the five dimensional parameter space. The optimization problem is defined to minimize the objective function F = ω 1 f 1 + ω 2 f 2 as the weighted sum of (a) the difference f 1 in position and orientation between x I and x T , and (b) the execution time f 2 of the maneuver. The initial population of solutions was seeded with profiles obtained by manually driving the vehicle in the workspace from x I to x T .
As a first step in the turn around behavior execution, the vehicle explores the space around it and computes a sequence of reachable motion goals
T to approach its target state x T based on its initial state x I , kinematic constraints, and the geometric configuration of obstacles. The motion goals specify the intermediate states the vehicle should go through during the N-point turn maneuver execution. The sequence of motion goals is computed by planning and forward simulating a sequence of back and forth maneuvers that are optimized such that the required number of turns is minimized. The local maneuvers are computed using the Newton-Rhapson method 7 in accordance with the objective function (consisting of position C P , orientation C Θ , and collision penalty C T components; see Eq. 1) on a flat terrain. The objective function is used for optimizing the parameterized steering angle and velocity B-spline profiles for computing the motion goals.
In order to explore the planning space effectively, the navigation system utilizes a cost function policy model in which each policy is represented as a decision tree. The policy model is designed iteratively (see Fig. 1 ) and each policy returns a position ω P , orientation ω Θ , and terrain ω T weights as the components of the objective function. For computation of each motion goal, the position weight ω P is set to zero until a user-specified threshold µ of the orientation error falls below this threshold. Once the orientation is within the desired limits, the final state is computed by assigning equal weights to both the position and orientation parameters. The optimization problem for computing a motion goal can be formulated as
where u is the current normalized heading of the vehicle, v is the desired normalized heading of the vehicle, and D max is the maximum dimension of the workspace. The decision tree thus represents a cost function policy model (see Fig. 1 ) that is used for determination of suitable motion goals in the environment for efficient and safe execution of the N-point turn based on the context of the environment. Having generated the motion goals, the vehicle can query the corresponding maneuvers (i.e., velocity and steering angle profiles) from the atomic maneuver model. The maneuvers are further adapted using the conjugate gradient method 8 based on the elevation map of the environment and concatenated into the entire N-point turn maneuver. In this way, the vehicle can minimize the turn around maneuver execution time by exploiting the terrain as well as vehicle properties. Finally, the maneuvers are executed using a PID controller. 
Results and Discussion
The steering and velocity angle profiles were represented using two B-splines with five control points. We considered a chromosome of length 11 that included y coordinates of 10 control points {Q 1 , . . . , Q 10 } as the design variables (i.e., five for each profile) along with the execution time t for GA optimization (see Fig. 2 
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• ) in a high fidelity simulation environment. The GA parameters for synthesis of atomic maneuvers were as follows: population size N s = 100, crossover probability P c = 0.5, mutation probability P m = 0.4, reproduction probability P r = 0.1, and the number of generations N g = 80. The computation time on Intel Core i7 processor per generation was 9.5 s.
In the designed experiments, the motion goals were computed on a flat terrain by optimizing the steering angle profile of the vehicle. A simple car kinematic model of the vehicle 10 was used with the maximum steering angle of 30
• and the length of 0.4 m. The average time it took to compute a single motion goal on Intel Core i7 processor computer was 0.3 s.
To be able to reach the computed motion goals efficiently, the vehicle needs to exploit its dynamics as well as terrain conditions through the use of precomputed atomic maneuvers. The atomic maneuvers are obtained from the generated atomic maneuver model. We represented the maneuver model as a lookup table with key values in a 5-tuple ( x, y, θ, α, β). For a given state of the vehicle and terrain inclination, the nearest neighbor interpolation was used to estimate the parameters of the selected atomic maneuver. For instance, for the 5-tuple (0.98, 1.23, 40, 4, 8), the interpolation method outputs an atomic maneuver that produces an error of x err = 0.2 m, y err = 0.064 m, and θ err = 5.1
• . The conjugate gradient optimization technique 8 is a powerful line search method when compared to the steepest descent method 7 and is often applied to problems involving a large number of variables. We implemented the adaptive line search method, where the adaptive step size is determined (a) Reverse atomic maneuver.
(b) Physics-based Vortex R simulation.
(c) Velocity profile.
(d) Steering angle profile. Fig. 2 . An atomic maneuver allows the vehicle to synchronously control its steering angle φ and velocity v to be able to reach a desired motion goal
The steering angle and velocity are represented as two B-splines.
by using the Fletcher-Reeves formula. With the steepest descent method, the adaptation time was more than 16 s, whereas with our method the adaptation time was reduced to 4 s for a flat ground maneuver with errors of x err = 0.004 m, y err = 0.02 m, and θ err = 1.3
• . Fig. 2 shows the maneuver profiles with and without adaptation.
Our ability to synthesize and adapt maneuvers is greatly aided by the Vortex R physics engine (see Fig. 2(b) ). We are able to simulate the key features of the vehicle, providing a model with very similar behavior to the physical vehicle used in our experiments. We are able to take the geometric features of the vehicle directly from a CAD model, defining the collision behavior. The simulated dynamic components include the electric motor, the powertrain differentials, and the independent suspension on each wheel. The parameters of maximum engine speed, engine torque, gear ratio, suspension stiffness, and coefficient of friction of the tires were measured on (a) Maneuver planning.
(b) Maneuver execution on an inclined platform. the physical vehicle and used in the simulation. Even with these multiple dynamic components being simulated, simulation performance is still quite high. On an Intel Core i7, execution time of the simulation can be sped up to 12 times with no observed loss in fidelity.
We have developed an augmented reality setup (see Fig. 2(b) ) for evaluation of the turn around behavior on a physical platform. The behavior was tested using a ground vehicle on a flat, inclined platform with dimensions 5 × 3 m. The user interface of the evaluation setup allows the user to define the boundary of the operating terrain, location of obstacles, and the initial and final poses of the vehicle. The planning region of this interface is shown in Fig. 3(a) . The user-specified terrain boundary is projected onto the platform using a ceiling-mounted projector, where the blue border lines shown in Fig. 3(b) divide the space into obstacle and obstacle-free regions. We use a fish eye lens camera to locate the vehicle's position and orientation. The camera is calibrated for the operating space and is able to communicate its boundaries to the vehicle with an error of less than 3 cm.
In this setup, after launching the vehicle from its initial position and orientation, a sequence of motion goals is computed first by the vehicle to reach its goal position and orientation. After computing the motion goals, the vehicle queries the atomic maneuver model for a sequence of reference maneuvers connecting the motion goals. However, the vehicle is not able to reach the motion goals with high precision by solely using the reference maneuvers due to the necessary discretization. In addition, the pose error gradually accumulates when attempting to reach motion goals in a sequence. Hence, by the use of the adaptation algorithm, the vehicle refines the atomic maneuvers in order to reduce the execution error. Nevertheless, some residual error may still remain due to the unavoidable differences between the simulation and the physical setup when executing the adapted maneuvers. This remaining error is handled by the on-board PID controller.
Conclusions
We have presented an approach for a turn around behavior generation for an UGV to be able to efficiently plan and execute N-point turn maneuvers in a highly constrained region of a rough terrain. We have developed an augmented reality setup for evaluation of the behavior. The behavior was successfully tested using a physical ground vehicle executing the maneuver on an inclined platform.
